Surrogate models are an important part of building energy labelling programs, but so far these models 11 still present low accuracy, particularly in cooling dominated climates. The objective of this study is to 12 evaluate the feasibility of using artificial neural network (ANN) to improve the accuracy of surrogate 13 models for labelling purposes. ANN is applied to model the building stock of a city in Brazil, based on 14 the results of extensive simulations using the high-resolution building energy simulation program 15
Introduction 1
Building sustainability has become an important part of the building industry, particularly with the 2 increasing demand for sustainability certifications, such as Leadership In most labelling programs, building energy simulation (BES) is a key element to assess building 11 performance, both for new and existing building. It is therefore essential to have reliable BES programs in 12 order to assign labels correctly, improving the public trust in the labelling program. High-resolution 13 dynamic BES programs, such as EnergyPlus, EQuest, ESP-r, IES, EDSL-TAS, TRNSYS, VABI and 14 others are usually accepted as reliable programs to assess building energy performance due to numerous 15 validation exercises carried out over the last decades. However, these programs require expert users, 16 detailed input and considerable computational resources depending on the building complexity. These 17 requirements compromise the wide adoption of dynamic BES simulation in most building energy 18 labelling programs, as labelling tools must be provide reliable results within affordable time and costs. 19 Dynamic BES is usually adopted for innovative and unusual buildings, while the majority of the 20 building stock is labelled using low-resolution low-cost models. These models can be divided in two 21 groups: (a) first-principle models, based on physical equations (such as the Fourier law) in combination 22 with large simplifications of reality or; (b) surrogate models based on statistical modelling of large 23 datasets produced using dynamic BES. While low-resolution first-principle models can provide 24 reasonably accurate results in heat dominated climates, the complex dynamic in cooling dominated 25 problems has proven to be difficult to capture using large simplifications of reality (Hensen and 26 Radosevic, 2004) . Therefore, surrogate models have been adopted in countries with cooling dominated 27 buildings, such as in the Brazilian energy regulation for building labelling (BRASIL, 2009) . 28 The EasyNN-Plus program was used to develop the ANN model. The structure of the neural network 13 was set as feed-forward, in which the output layer connects only to the previous layer. ANN training used 14 50% of the 3200 cases and 25% of cases were selected for the validation set. The other 25% of cases were 15 selected to verify the performance of the network and these cases were not part of the training and 16 validation. All cases were randomly selected by the EasyNN-Plus program. The parameters considered 17 the input layer for the neural network training can be seen in Tables 1 and 2, combined with other  18 parameters describing the geometry of the buildings. A total of nineteen input parameters were used in the 19 development of the ANN model (see Appendix) . 20
Several configurations of ANN were tested in other to find the best performing combination of 21 number of hidden layers and nodes per layer. In all configurations, Eq. (1) was used as activation function 22 to smooth the output signal of each node: 23
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(1) where x is the sum of the weighted input of each previous node plus the bias of the node itself. 24 ANN results were evaluated based on the coefficient of determination (R 2 ), the mean bias error -MBE 25 (ē) and the error standard deviation, also known as root-mean squared error RMSE (σе). The frequency of 26 errors between EnergyPlus results and neural network results were also analysed using histograms. 27 7 The role of uncertainty (from Table 2 ) in the ANN predictions was investigated with the support of 1 additional ANNs. In these additional ANN, the uncertain parameters were not included as input variable. 2 A total of four additional ANNs were constructed for this purpose: a) one ANN with all nineteen input 3 parameters except the infiltration rate, b) one without pattern of use, c) one without internal load density, 4 and d) one without any of the uncertain parameters from Table 2 . The accuracy of these additional ANNs 5
was then compared to the accuracy of the original ANN (which includes all nineteen input parameters). 6
Once the role of uncertainty was clarified, the sensitivity of the ANN to different input parameters 7 was investigated. For this purpose, ANN was used to calculate 39 additional variations for each one of the 8 3200 original simulation cases. In these variations, only one parameter was change at a time using the 39 9 discreet input values from Table 1 . This procedure allowed the calculation of individual changes in the 10 output due to individual changes in each one of the inputs. Uncertainty was not taken into account in the 11 sensitivity analysis, and the following values were assumed: infiltration of 1 ACH, pattern of use of 11 12 hours and ILD of 35 W/m 2 . 13
Finally, results from sensitivity analysis were used to define scenarios with the best and worst 14 performance for each of the sixteen typologies. These scenarios are useful to clarify the performance 15 boundaries for each case, which is essential information to define the appropriate ranges for each energy 16 label. ANN accuracy is then discussed in face of the possible variation in performance for each typology. 17
Results 18

Optimum ANN configuration 19
From the several configurations of ANN tested in this work, the best performing ANN to model the 20 energy performance of this building stock has one hidden layer with nine nodes. Weights, biases, 21 maximum and minimum values are provided in the appendix. Such simple ANN can be represented in a 22 few equations, and a general formulation of an ANN with one hidden layer and one output node is given 23 in eq. 2 and 3: 24
where E con is the energy consumption, E max and E min are the maximum and minimum values of energy 1 consumption used in the ANN training, H is the number of nodes in the hidden layer, X in the number of 2 input nodes, x i are the input values for calculation, x MAXi and x MINi are the maximum and minimum values 3 of the input used in the ANN training, W i,n and W n,s are the weight values for each pair of nodes and b n 4 and b S are the biases of hidden and output nodes respectively. (Table 3 ). In these four extra buildings the differences between 20
EnergyPlus and ANN results are inside the confidence for most cases. This section demonstrated that the 21 ANN can represent the relationship between input and output data, taking into account the large variation 22 in the typologies and properties addressed in this study. The next sub-section discusses the impact of 23 uncertainties in the input during the development of the ANN models for building energy labelling. 24
Role of uncertainty in the definition of ANN input parameters 25
The influence of three inputs data (patterns of use, infiltration and internal load density) into the 1 performance of the ANN model was analysed. Four additional ANNs were constructed for this purpose as 2 described in Section 2.4. Figure 3 shows histograms of errors in each one of these ANNs, where the 3 standard deviation of the errors is also indicated. Figure 3A , 3B and 3C show large spread in the results. 4
In the three cases the standard deviation of errors is twice higher than in the ANN described in the 5 previous section. Figure 3D shows errors in the predictions of the ANN three times higher when patterns 6 of use, infiltration and internal load density are not included as input values. These results demonstrate 7 the importance of these parameters in the energy consumption of buildings and in the ANN output. and minimum values for each input were, nevertheless, the same ones used in the development of the 26 ANN model. In Figure 4 , the performance of this specific typology is between 71 to 86 kWh/m 2 y, 27 indicating a small variation in the performance as the higher value is only 20% larger than the smaller 28 one. However, Figure 4 only shows the effect of one input value changing at a time, therefore combined 1 effects are not taken into account. 2 Figure 4 are only applicable for a particular building. indicates that no single parameter is responsible for large changes in the calculation output. Sensitivity 8 results reinforce the importance of integrated assessment of building energy performance, as the output is 9 function of complex interaction between the relevant input parameters. 10
Results in
Boundary of the performance range for various typologies 11
Based on the sensitivity results of Figure 5 , two scenarios were defined with input parameters for the 12 best and worst shells regarding energy performance. These scenarios define the boundary performance 13 values for a building, assuming the constraints used in this paper. The best and worst performing shells 14 were defined using the maximum and minimum values of each input parameters, arranged according to 15 the direction of the sensitivity in Figure 5 . In the best scenario, for example, all variables with positive 16 correlation assume minimum value, and the one with negative correlation assumes the maximum value. 17 ANN results for the best and worst scenarios of each of the sixteen typologies are shown in Figure 6 . 18
Typologies are ordered by the minimum energy consumption value (see typology ID in the appendix). 19
Regarding the best performing shells, it is noticeable that values largely vary among the typologies, 20 and in many cases the worst performing shell of one typology still have lower energy consumption than 21 the best performing shell of another typology. The behaviour of best and worst scenarios if further 22 analysed in Figure 7 . Figure 7A shows the clear correlation between the best performance and the total 23 facade area, where large facades (such as in cases 15 and 16 in figure 6 ) have the highest value for the 24 best performing energy performance. This ANN result suggests that buildings with small facades will in 25 general perform better than the ones with large facades. 26
Regarding the range of variation between best and worst shells, Figure 6 also shows a large variation 27 between typologies. In some typologies, the best and the worst shells have similar performance (such as 28 in typology 12), while in other typologies the worst design has up to 150% higher energy consumption 29 (such as in typology 4). This variation in the performance range of each typology is closely related to the 1 ratio between conditioned volume and the area of the building shell (i.e. facades and roof), as 2 demonstrated in Figure 7B . A larger shell-to-floor ratio indicates a higher degree of interaction with the 3 outdoor environment; therefore changes in the facade design have larger impact in the building energy 4 performance. 5
This preliminary analysis of ANN results highlights the challenges on defining acceptable 6 performance targets for the whole building stock, as the best performing facade leads to different 7 performance depending on other building characteristics. 8
The behaviour of the surrogate model for labelling purposes must be carefully evaluated in face of 9 energy policy targets, as the required accuracy depends on the performance range of each typology. In 10 cases where the best and worst performances are quite similar, the surrogate model must have high 11 accuracy in order to differentiate correctly these two scenarios. However, one may argue that cases where 12 the performance range is too narrow shall not be addressed by energy conservation measures, as the social 13 and economic costs will not lead to high energy savings. These questions are beyond the scope of this 14 paper, and in spite of these concerns, this paper demonstrates the applicability of ANN models for energy 15 labelling purposes, as ANN can predict the energy consumption of a large and heterogeneous building 16 stock under uncertainty. 17
Discussion 18
Limitations of this study 19
This paper is based on a large amount of assumptions, and some of them are briefly discussed in this 20 section. 21
The definition of relevant input parameters and the range for these parameters is essential for the 22 success of the labelling program. This paper adopts a larger number of input parameters than the currently 23 used model in the Brazilian regulation. In spite of this improvement, other parameters with known impact 24 in energy performance were not included, such as thermal mass. Thermal mass was omitted because 25 currently commercial buildings in Brazil have very little variation in this parameter, but this and other 26 input must be considered if the methods described in this paper are applied for other countries or other 27 building functions. 28 Labelling programs must promote the adoption of proven energy conservation measures. However, 1 many of these measures were not included in this paper, such internal manually operated shading devices 2 and smart shading devices (both internal and external) ( influenced by the amount of buildings with similar properties. For example, in this paper a large number 5 of small commercial buildings was considered, while just a few high-rise buildings were taken into 6
account. This relation between number of small and high-rise buildings is valid for the city of 7
Florianópolis, but this ratio should be properly defined for each location were ANN models are applied. 8
The accuracy of surrogate models usually vary within the cases modelled, and this aspect was not 9 taken into account in this paper. The occurrence of particularly higher errors in specific typologies may 10 compromise the adoption of surrogate models in the labelling program as a specific group of user will 11 systematically face large discrepancies between results of the surrogate model and results from high-12 resolution models. Therefore future work shall evaluate cases with extreme errors as well as the error in 13 different clusters of typologies with similar properties. Moreover, analysis of error in benchmark cases, 14 such as the BESTEST, must be performed. 
Conclusions and implications for energy policy 19
The main objective of this study was to investigate the use of artificial neural networks to estimate the 20 energy consumption of commercial buildings to support building shell labelling programs. Based on the 21 results presented in this paper, the following conclusions can be drawn: 22  The development of the low-resolution model by applying the artificial neural network technique 23 could represent the interaction between input and output data; with errors of ± 16% for a 24 confidence level of 90% of the cases; 25  The parameters of internal load density, patterns of use and infiltration presented a significant 26 influence in the artificial neural network results, and should therefore be included in the labelling 27 program; 28  Sensitivity analysis shows that no single input parameter can be identified as the main 1 responsible for the building energy performance, but rather the combination of different 2 parameter play a role in the building performance; 3  The range of performance defined by the best and worst building shells have large variation 4 among the typologies evaluates, as well as the minimum energy consumption of the best 5 building shell for each typology; 6  The facade area and the shell-to-floor ratio play a significant role in the energy performance of 7 the typologies analysed. 8
These results have some direct implications for energy policy: 9  Countries adopting linear regression models in energy labelling of building shells should replace 10 these models by ANN models, due to the simplicity and improved flexibility and accuracy of 11
ANN. 12
 Policy makers involved in energy labelling of building shells should be aware that sometimes the 13 shell plays a secondary role in the building energy performance. Building aspect ratio and usage 14 may be dominant factors, and in this case any policies focused only on building shell properties 15 will provide limited energy savings. 16  Social, political, environmental and economic costs of different energy policies for energy 17 conservation in buildings shall be compared to the actual gain in energy performance using ANN 18 models of building shells such as the one presented in this paper. 
